t r a c t
Policymakers have made several attempts to introduce local and national policies to reduce CO 2 emissions and stimulate the consumer adoption of alternative fuel vehicles (ethanol/E85 cars). The purpose of this paper is to analyze how a local policy measure impacts the composition of the car fleet over time. More specifically, we take advantage of the natural experiment setting caused by the introduction of the Stockholm congestion tax (2006) to analyze how the tax affected purchases of ethanol cars that were exempted from the tax. To estimate effects, we employ a Difference-in-differences methodology. By using a comprehensive database of the car fleet and car owners, sociodemographic and geographic factors are analyzed, which is unique in the existing literature. Our results suggest that the congestion tax had a significant impact on ethanol car purchases although the effect fades away over time. Furthermore, there is a positive relationship between the level of education and ethanol car purchases. Previous adoption of an ethanol car is found to be the strongest predictor of ethanol car purchases. Finally, data indicate that Stockholmers substantially increased purchases of ethanol cars half a year before the introduction of the congestion tax, which we refer to as an anticipation effect. & 2014 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
Introduction
In 2010 the transportation sector accounted for 22% of worldwide CO 2 emissions and approximately three quarters of these were due to road traffic (IEA, 2012) . Decreasing the emissions of car traffic and making the car fleet less dependent on fossil oil has been the goal of international agencies and national governments for many years, and it has also spurred an interest in finding the most effective policies for shifting the car fleet towards increased environmental sustainability. Based on a unique set of register data, we compare the development in the consumer adoption of alternative fuel vehicles (AFVs; specifically ethanol/E85 cars) in the three largest cities of Sweden following the introduction of the Stockholm congestion tax in 2006. We are able to estimate the effect of the congestion tax on car purchasing behavior since ethanol cars were exempt from the congestion tax between 2006 and 2009. Thus, although the introduction of the congestion tax was not explicitly aimed at people's car choices, it provides a natural experiment for testing the effectiveness of economic incentives on the purchasing of AFVs. In addition, the dataset permits the uncovering of more socio-economic factors of AFV adopters and non-adopters than reported in previous studies.
The Stockholm congestion tax is one of several national and local policies aimed at decreasing congestion but also increasing consumer adoption of AFVs and sales of alternative fuels such as bioethanol and gas. As an over-arching goal for the transport sector, the Swedish Parliament has set a target for zero greenhouse gas emissions in 2050 and a milestone of having a fossil oil independent car fleet by 2030 (Regeringskansliet, 2009) . Furthermore, Sweden was the first country in Europe to create incentives for ethanol/E85 1 cars through tax breaks on the fuel as well as a law mandating fueling stations to invest in pumps for alternative fuels 2 (Riksrevisionen, 2011) . According to a government regulation adopted in 2004, "environment cars 3
" are flexible fuel vehicles that can run on ethanol, electricity or biogas provided that they, when driven on gasoline, do not emit more than 218 g CO 2 per km (SFS, 2004 (SFS, : 1364 . In addition, diesel cars and gasoline cars that emit less than 120 g CO 2 per km were also labeled "environment cars", but only cars that run on ethanol, electricity or gas were exempted from the Stockholm congestion tax. As shown in Fig. 1 , at a national level these policies appear to have had a substantial effect on car purchases since 2004. Early on, ethanol cars dominated the "environment car" market. For example, in 2008 ethanol cars had a 68% share of the "environment car" market (corresponding to a 23% share of the total car purchases that year (Bil Sweden, 2013) ). Since 2009, low CO 2 -emitting diesel and gasoline cars have taken over as the most sold "environment cars" (e.g., Kågeson, 2012) . Fig. 1 shows that the total market for "environment cars" expanded from 3% of all new car sales in 2004 to 45% in 2012, but it can also be concluded that ethanol cars have dropped over time as other types of "environment cars" have been introduced and become popular among consumers.
Although some evaluations of policies targeting the sales of biofuels and AFVs in Sweden have been conducted, most of them are partial or merely adopting a descriptive approach (e.g., City of Stockholm, 2009; Riksrevisionen, 2011) . Hence, it is difficult to draw more specific conclusions as to how a specific policy such as the Stockholm congestion tax is linked to changes in the car fleet over time and about what factors that can explain the adoption of more environmentally friendly vehicles. From a research perspective, there is a wealth of published studies using different types of survey methods to clarify barriers and drivers of consumer adoption of AFVs (Diamond, 2009; Egbue and Long, 2012; Ozaki and Sevastyanova, 2011) . Some studies have also utilized panel data (e.g., Ryan et al., 2009 ) to model the CO 2 intensity of the new car fleet, but this study did not analyze AFV adoption as such. However, there are no published studies based on register data that pool demographic and time series data in order to produce a more nuanced picture of how policies influence the car fleet depending on local or non-local policy to reduce environmental impact using alternative fuels.
To our knowledge there is yet no study of AFV adoption based on representative panel data with information on socio-economics and demographics. This type of analysis may add important insights to the existing knowledge of incentive mechanisms behind changes in AFV adoption. The purpose of the paper is to contribute to the understanding of how selective taxes and population characteristics influence the composition of the car fleet against this background. More specifically, our aim is to estimate the causal link between tax exemptions for AFVs and purchases of such vehicles, and to describe the socio-economic and demographic characteristics of AFV consumers. We do this by utilizing a natural experiment created by the introduction of the congestion tax in Stockholm (Sweden) in 2006. Since this tax was not introduced anywhere else in Sweden until 2013, and since ethanol/E85 cars were exempted from the tax, we are able to estimate how the tax affected incentives to purchase ethanol cars. Our rich register data further allows us to estimate the correlation between socio-economic and demographic characteristics and ethanol car purchases.
The Stockholm congestion tax and the exemption for AFVs: a natural experiment
Research has pointed towards policies as important factors behind the composition and development of the car fleet (e.g., de Haan et al., 2006; Potter and Parkhurst, 2005) . Today, CO 2 taxation is well established in large parts of the European Union. Nineteen EU Member States (ACEA, 2012), among them Sweden, currently apply some form of CO 2 tax to the registration and/or ownership of passenger cars, based on the car's CO 2 emissions and/or fuel consumption. There are, for example, vehicle taxes such as the annual vehicle tax. These types of taxes affect the entire car fleet and aim to give incentives to choose more fuel-efficient cars (Ryan et al., 2009) . In addition to the national taxation schemes there are also local taxes and subsidies implemented to attempt to steer the car fleet in less environmentally harmful and less fossil fuel intensive directions. 4 Local policies that affect the composition of the car fleet are exemption from congestion tolls and free parking for cars that pollute less. During recent years, several policies have been implemented in Sweden in order to increase the adoption of AFVs and fuelefficient cars. From 2007 to 2009 a national cleaner car purchase rebate was enacted that subsidized the purchase price of all new AFVs with SEK 10,000 (approximately 1000 Euros). Furthermore, a congestion tax was introduced in Stockholm in 2006, initially as a six-month trial. After close monitoring of traffic patterns and public opinions and a referendum in and around Stockholm city, the tax was made permanent in August 2007. According to Börjesson et al. (2012) the tax had both immediate and longer term effects on decreasing traffic congestion. In their study they also found that the tax had a considerable effect on the sale of AFVs due to the fact that these vehicles were exempted from the tax (to varying degrees) up until 2012 (Börjesson et al., 2012) . In a national comparison they also show that the sales of AFVs in Stockholm were higher than the Swedish average in 2006 and 1 E85 is a blend of 85% ethanol and 15% gasoline (summer quality; in the winter the mix is 75/25). It is the most commonly available blended fuel for use in flex-fuel vehicles (FFVs) in Sweden. In this paper we refer to cars that can run on E85 as ethanol cars.
2 By the end of 2011 there were 2885 fueling stations in Sweden and 59% of these sold E85 (SBPI, 2013) . 3 The term "environment car" has been used by the Swedish legislators and is not a term invented or endorsed in this paper. 4 It should be noted that these vehicle taxes impose a fixed cost on car ownership and therefore probably have very little effect on how the car is actually used, i.e., how much emission it produces. Hence, from an economics perspective, these policies are seen as second best; a unit tax on the CO 2 content in fuels would likely be a more cost-effective policy.
2008, and nearly the same for 2007. In total, exempting the AFVs from the tax seems to have had a positive effect on the sales of these vehicles together with other local (free residential parking) and national incentives (such as the tax exemption on renewable fuels and the national purchase subsidy for cleaner vehicles). This seems to be particularly the case on car sales to companies, which accounted for 91% of the bought "green cars" (AFVs and cars emitting less than 120 g of CO 2 /km) according to Börjesson et al. (2012) . Although the studies by Börjesson et al. (2012) and Eliasson and Jonsson (2011) concerning the Stockholm congestion tax are important for understanding Traffic Demand Management (TDM) measures and sales of so called "environment cars", their estimation techniques do not allow for causal inference, since it does not include a counter-factual development. In other words, without an adequate control group, we cannot say to what extent congestion and the composition of the car fleet in Stockholm would have changed in the absence of the tax. Indeed, since Stockholm had a higher than the national average sale of "green cars" even before the introduction of the tax, the increase after 2006 may only represent a continuation of this trend. In addition, previous research does not offer insight into which types of consumers bought "environment cars". Finally, Börjesson et al. (2012) and Eliasson and Jonsson (2011) study both private and company car purchases lumped together. Since the tax models for private and company purchase of cars differ, and since individual consumers and companies are likely to differ in terms of behavior, there are probably different driving forces behind car purchases in these two groups. This paper contributes to the literature on AFV diffusion (and ethanol cars in particular) in three distinct ways. First, in contrast to previous research that commonly estimates correlations between AFV adoption and policy, we utilize the natural experiment created by the Stockholm congestion tax to estimate causal effects between policy and consumer behavior. Second, having access to a uniquely rich register dataset allows us to analyze previously uncovered factors, such as heterogeneity among consumers in terms of socio-economic and socio-demographic characteristics associated with AFV adoption. By focusing solely on private car purchases the third contribution refers to the analysis of the mechanisms behind adoption among private persons without interference from corporate sector purchases. This is important since company car purchases have different tax regulations and probably also involve other preferences compared to the household sector.
Consumer characteristics and the adoption of AFVs
As examples of AFVs we use ethanol cars, since they have accounted for a majority of new purchases of AFVs in Sweden during our period of investigation (2004) (2005) (2006) (2007) (2008) see Fig. 1 .
There are a wealth of studies on socio-economic factors on the household/family and individual levels related to consumer adoption (Hunecke et al., 2007) and how these affect car purchases. In this respect, income, gender, education, age and civil status appear to have some influence, although the explanatory ability of these factors is often found to be relatively low.
Previous research has found that high-income households value AFVs higher than conventional cars (Dagsvik and Liu, 2009 ) and that females, minorities, and residents in urban areas exhibit higher demands for fuel-efficient cars (McCarthy and Tay, 1998) . Males have been found to have a higher stated choice of hydrogen vehicles (Ziegler, 2012) , whereas females and owners of new cars are significantly more concerned with the environmental performance of the car (Johansson-Stenman and Martinsson, 2006) . Moreover, old people seem to be significantly more concerned with the environmental performance of the car (Johansson-Stenman and Martinsson, 2006) , but at the same time, age seems negatively related to greenhouse gas emissions from transportation (Hunecke et al., 2007) . Finally, higher education seems to have a significant positive effect on the stated choice of hybrid vehicles (Potoglou and Kanaroglou, 2007) and AFVs (Jansson et al., 2011) . Furthermore, in other studies there seems to be no effect of education on the willingness to choose an AFV (Zhang et al., 2011; Ziegler, 2012) . According to a recent Eurobarometer (EC, 2011), Swedes are the most concerned about climate change in the EU and Swedish citizens are reported to have the most positive attitudes to environmentally friendly transportation in the EU. Thus, both the tax incentive schemes and the consumer preferences make Sweden an interesting case for a study of the diffusion of AFVs. Due to differences in preferences, there is probably a heterogeneity which can be examined by using register data. This approach will be further elaborated.
Material and methods
In order to evaluate the effect of the Stockholm congestion tax, we employ a Difference-in-differences approach (described in detail below) for the period [2004] [2005] [2006] [2007] [2008] . Our data consists of a random sample of individuals living in one of the three biggest cities in Sweden: Stockholm, Gothenburg or Malmö, where Gothenburg and Malmö function as control groups. The choice of control groups is partly justified by the resemblance in population size (all three being metropolitan areas as compared to other cities in Sweden), and partly by the fact that Gothenburg actually implemented a similar tax in 2013 while Malmö is still lacking congestion taxes. The difference in timing of implementation creates a natural experiment, which in turn enables a more accurate estimation of the effects of a congestion tax.
In order to capture effects on individuals that do not live in the city center in the metropolitan areas, but may be affected by the congestion tax (e.g., via work), we also include individuals living in neighboring municipalities. The choice of these neighboring municipalities follows the classification of Statistics Sweden. The distance between the three cities is: Stockholm-Malmö: 619 km; Stockholm-Gothenburg; 478 km, Malmö-Gothenburg; 276 km.
The dataset available for analyses is a compilation of register data of the entire Swedish population collected by Statistics Sweden. Individual-level record linkages between demographic and socioeconomic attributes in combination with car ownership make the foundation for the empirical analyses. This implies that car-related attributes like brand, model, registration date, fuel type, motor capacity, emissions etc. are linked to the individual (owner) and can be viewed together with his/her demographic (e.g. sex, age, and family situation) and socioeconomic (e.g. education level, earnings, housing, and labor market situation) characteristics. Since the dataset covers the entire population over the last 25 years we can observe car ownership of all private persons, which corresponds to a vast share of all cars in the country.
In 2012 there were about 4.4 million cars in Sweden, corresponding to 464 cars per 1000 inhabitants (480 in EU-25). Almost 80% of the cars in Sweden are owned privately. The regions of Stockholm, Gothenburg and Malmö account for 48% of these cars (Trafikanalys, 2013) . Car owners in Sweden are predominantly male (65% in 2012), and the average annual driving distance is 12,118 km. The share of the population having a driver's license for passenger car was 78% at the end of 2011 (Stockholm: 69%, Gothenburg: 79%, Malmö: 76%). To enable an econometric analysis of the material, we use a random sample of 100,000 individuals in Stockholm, Göteborg and Malmö respectively. The population from which this sample is drawn is the total population of the three cities. These individuals are followed during the entire time period. Since only individuals over the age of 18 are eligible to drive a car in Sweden, we only conduct our analysis on individuals at or above the age of 18 in our sample. This implies that some individuals, who were below the age of 18 in 2004 but turns 18 sometime during the time period under study, enter into our sample in the year s/he comes of age. In combination with the fact that some individuals in the sample die during the time period this implies that our analysis is conducted on an unbalanced panel of individuals.
Econometric approach
To identify the possible impacts of the Stockholm congestion taxes on purchases of ethanol cars, we employ the Difference-indifferences approach, DiD (e.g., Wooldridge, 2002) . The DiD approach enables us to compare the change in the probability to purchase an ethanol car in Stockholm (treatment group) before and after the introduction of the tax, with the corresponding change in Gothenburg and Malmö (control group). Hence, since we control for the potential "Stockholm" effect, this approach makes it possible to control for both observed and unobserved differences between the control and treatment group (Wooldridge, 2002) . The empirical specification employed thereby increases the likelihood of capturing causal effects of the introduction of the congestion tax.
Our outcome variable is related to the choice to purchase an ethanol car, and thus dichotomous. This implies a limited dependent variable approach. To deal with unobserved individual heterogeneity, we employ a panel data probit approach (xtprobit) to estimate the model. The econometric model is specified in Eq. (1) below.
In Eq. (1), y it is a limited dependent variable taking the value one if individual i purchases an ethanol car at time t, i.e., if the latent variable y n it 40, and zero otherwise. τ t is a vector of time dummies. We use a different set of time dummies in different model specifications: In our TIMEPERIOD models, we want to estimate the total effect of the tax after its introduction, but also test for any additional effects in the year following the introduction. In these models we therefore have three time dummies. The first (2006) (2007) (2008) takes the value one in the time period after the introduction of tax (2006) (2007) (2008) and zero otherwise, the second takes the value one if the year is 2007, and the third takes the value one in the year 2008. In our INDIVIDUAL YEARS models, we analyze individual year effects. In these models, the time dummies thus consist of a full set of individual year dummies (2005, 20,062,007 and 2008) . G i is a dummy variable taking the value one if the individual belongs to the treatment group, in terms of residing in the Stockholm area, and zero otherwise. The coefficients on the interaction variables τ t G i thus capture the effect of the congestion tax on the probability to purchase an ethanol car. Finally, we evaluate to what extent individuals living within the central city of Stockholm were differently affected by the tax than individuals living in the suburbs. We therefore include a "double" dummy interaction variable τ t G i City i . This variable takes the value one in the time period after the introduction of the tax, if the individual lives in the city center in Stockholm, and zero otherwise.
The vector X i consists of socio-economic and socio-demographic characteristics. Since we want to evaluate the change in consumption of ethanol cars between the time period before and after the introduction of the tax, we cannot include individual year dummies for the years before the tax in our TIMEPERIOD models. However, to capture the trend, we use the real growth in GDP per capita, Δgdp, between year tÀ 1 and year t evaluated in year t. This variable thus captures time effects in the model. Finally, v it ¼ c i þ u it denotes the composite error term capturing the time invariant unobserved individual heterogeneity and the remainder disturbance that can vary over time as well as across individuals. Now, in general, the estimated coefficients in non-linear models cannot be interpreted as easily as in linear models. This is especially true for interacted variables. However, Puhani (2012) shows that the estimated coefficient on the DiD variable ðτ t G i Þ is consistent and can be interpreted as the treatment effect on the treated. In addition, it is now possible to estimate marginal effects and unbiased coefficients of interaction variables in Stata (version 11 or later) by specifying the variables to be interacted and using the margins command. We employ this method for our double interaction variables τ t G i City i . In order to calculate the standard errors of the marginal effects for all variables, we employ the delta method.
We would like to alert the reader on our strategy to estimate the marginal effects. Although it, in practice, is possible to estimate the marginal effects with a panel model command, the statistical software will assume that the individual effects are zero, thus removing the value of the panel approach. In order to get some idea of the marginal effects, we therefore estimate a pooled probit (with standard errors adjusted for clustering on the individual level), and calculate the marginal effects resulting from this estimation. As a robustness check of this approach, we show that the estimated coefficients of the panel and pooled approach are very similar.
It should be noted that, in the above econometric specification, the group of individuals who purchased an ethanol car is compared to "everyone else" in the sample. In other words, the comparison group includes individuals that purchased another type of car, and individuals who did not purchase any type of car (regardless of whether they owned one previously or not). However, it is possible, and perhaps even plausible, that there are important differences between choices related to the type of car purchased and choices related to whether to buy a car in the first place. Most importantly, the decision to abstain from a car purchase may be related to environmental and/or congestion concerns and may thus constitute a response to the congestion tax. Hence, in order to not confound the effect of the tax with other effects, we also estimate Eq. (1) conditional on that the individual purchased a car.
As mentioned above, we employ a panel data probit approach to estimate Eq. (1). Panel data probit estimations are only available with random effects. However, a random effects approach is only valid if the independent variables are not correlated with the individual effects. If such a correlation exists, the estimated coefficients are biased. To deal with this problem, we use the Chamberlain's random effects probit model (Chamberlain, 1982 (Chamberlain, , 1984 Mundlak, 1978) , also known as the pseudo-fixed effects model. This approach implies that we explicitly model the relationship between the time-varying regressors and the unobservable effect in an auxiliary regression (Mundlak, 1978) . The model is estimated under the assumption that:
where X i is the average of the time varying explanatory variables X it ; t ¼ 1; …:; T and σ 2 a is the variance of the parameter σ 2 a in the
a is the conditional variance of the unobserved individual heterogeneity assumed to be independent of X it (Wooldridge, 2002) . In practice, the approach implies that, for each time varying variable and for each individual, we calculate the average over the full time period. The resulting variable is then added as an additional covariate in Eq. (1).
Finally, since probit models are sensitive to miss-specification, and since we have a large share of zeroes in our sample due to the relatively low presence of ethanol cars in the population, we also estimate a linear probability model and a complementary log log model.
As mentioned above, the DiD approach enables us to control for both observable and unobservable time-invariant differences between the treated and the non-treated groups. However, the approach relies on the, inherently untestable, assumption that the trend in the outcome variable, would have been parallel in the absence of treatment. If data is available for multiple time-periods before the introduction of treatment, one may validate this assumption by running regressions with "fake treatments", or placebo effects, in the years preceding the true treatment. If the coefficients on these placebo effects are insignificant, the belief in the validity of the parallel trend assumption is strengthened. However, if the coefficients on the placebo effects are significant, this increases the risk that the two groups develop differently with respect to the outcome variable over time. In this case, we cannot draw conclusions to what extent our estimation captures the true effect of the treatment (in our case the congestion tax).
In order to reduce the risk of a violated assumption of a common or parallel trend, in our treatment group, Stockholm, and our control groups, Malmö and Gothenburg, we match individuals on socio-economic characteristics by the use of propensity score matching.
The main purpose of the propensity score estimation is to balance the observed distribution of covariates across households in the control and treatment groups.
5 When exposure of the treatment is independent of outcomes, given the observables, then the relevant summary statistic to be balanced between the two groups is the conditional probability of being treated, called the "propensity score" (Rosenbaum and Rubin, 1983; 1985) . The first step of computing a propensity score in propensity score matching is to estimate a standard probit or logit participation model with control variables.
where, for individual i and year t, H it is a dummy variable representing exposure to treatment or not, K it is a vector of variables used as determinants of the likelihood of treatment; and v it is the error term. The predicted values are used to estimate the propensity score for each observation in the participant and the nonparticipant samples (Caliendo and Kopeinig, 2008 ). The comparison group is then formed by picking the "nearest neighbor" with similar characteristics for each participant. The propensity score is given by:
where w is the indicator of exposure to treatment, and x is the multidimensional vector of pre-treatment characteristics. The choice of covariates to be included in the propensity score estimation is based on the principle of maintaining a balance in using common variables whilst at the same time meeting the common support criteria. For each variable and propensity score, the standardized matching is computed before and after matching as:
where X t and X NT are the sample means for the treatment and control groups, and V t X ð Þ and V NT X ð Þ are the corresponding variance (Caliendo and Kopeinig, 2008) .
Additional covariate balancing indicators that can be used in addition to the SB measure in this case are the likelihood ratio test of the joint significance of all covariates and the pseudo-R 2 from a logit of treatment status on covariates before matching and after matching on matched sample (ibid). After matching, there should be no systematic differences in the distribution of covariates between both groups. As a result, the pseudo-R 2 should be fairly low and the joint significance of all covariates should be rejected. We derive the propensity scores and the matched sample by the use of the command psmatch2 in Stata (Leuven and Sianesi, 2003 ). The matched sample is then used for the Difference-in-differences analysis.
Descriptive statistics
The descriptive statistics are presented in Table 1 below. As can be seen from the table, the matching procedure has given rise to a relatively high similarity between our sample in Stockholm and The propensity score matching method is semi-parametric approach, which does not require an exclusion restriction or a particular specification of the selection equation to construct the counterfactual. 6 Since the objective of the propensity score matching method is to identify a set of observations that are matched based on observables, our presentation of the method will remain brief.
the samples from Gothenburg and Malmö. Women constitute roughly 54 percent of the sample in all three cities. The majority of the sample is married (between 74 and 78 percent). About 15 percent are unmarried and 9 percent divorced. The total sample consists of individuals between the ages of 18 and 76. The mean age is 48 in Stockholm and Gothenburg and 49 in Malmö. Individuals in our sample on average have one child under the age of 18 living in the household. About 42 percent of the sample has some form of university education. The distribution of educational attainment is very similar between the three cities. Similarly, there are no striking differences in terms of income; mean income ranges from 258,819 SEK in Malmö to 286,826 in Stockholm.
The unemployment rate ranges from 6.3 percent in Gothenburg to 7.5 in Malmö. Malmö also has a slightly higher share of students, 3.7 percent, than Stockholm and Gothenburg (3.3 and 3 percent, respectively). Finally, the Gothenburg sample contains about 1 percentage point more early retirees and about 1 percentage point fewer pensioners than the samples in Stockholm and Malmö. Table 2 depicts the number of purchased ethanol cars in our sample, divided between Stockholm, Gothenburg and Malmö. As can be seen in the table, the number of ethanol cars is very small in the beginning of the time period, but rises sharply over the years.
Results
The main results of the empirical analysis are presented in Tables 3-5 below. In order to facilitate reading, we only present estimated coefficients and marginal effects of the main variables of interest (the full set of results can be found in Table A1 in the Appendix A). Differences in the results due to estimation technique are discussed in Section 3 below.
We start by describing the results of the tax variables. Table 3  presents estimated coefficients while Table 4 presents marginal effects (estimated with a pooled probit approach).
As described in Section 3.1 above, we have estimated four models relating to the probability to purchase an ethanol car. The first panels in Table 3 contain results for the panel probit estimation on the full sample (unconditional), i.e. regardless of whether an individual bought a new car or not, while the results in the second panels (conditional) relate to the probability of purchasing an ethanol car, given that the individual purchased any car in that year. Hence, the results in the second panels are conditional on purchasing a car. We further test to what extent the effect of the tax differs between different years. Consequently, the upper panel of Table 3 presents results for the overall effect of the tax (i.e., the entire time period since its introduction) and tests to what extent there were additional effects during the years following the introduction, while the lower panel presents results for each individual year.
Our results suggest that the congestion tax had a significant impact on ethanol car purchases in both 2006 and 2007 (lower panel of Table 3 ). There do not seem to be any significant lag effects as none of the coefficients on the year-specific effects are positive in the upper panel in Table 3 .
However, our results also suggest that, although the tax had an overall positive effect on the probability of purchasing an ethanol car, the insignificant coefficient on the year-specific effect in 2008 may be interpreted as the tax effect fading away over time. In Table 4 , we present the marginal increase in the probability of purchasing an ethanol car due to the tax in the time period 2006-2008, for the conditional sample. As can be seen in the table, in the absence of the congestion tax the average probability of purchasing an ethanol car (given that any car is purchased) would have been about 3.3 percent in the time period [2006] [2007] [2008] . The introduction of the tax increased this probability by 1.2 percentage points (i.e., to 4.5 percent) over the entire period. The right column in Table 4 depicts the marginal effects for the individual years. As can be seen, the tax increased the probability of purchasing an ethanol car by 1. The marginal effects of the main socio-economic variables (individual year specification) are presented in Table 5 below. The full set of results is presented in the Appendix A.
As can be seen in Table 5 , the marginal effects of the covariates are very small for the unconditional sample. This is not surprising, as we are not distinguishing between the choice to purchase a car and the decision to purchase an ethanol car. In this analysis we compare ethanol car purchasers to all other individuals, both those who purchased a non-ethanol car, and those who did not buy any car. Hence, we include all individuals who would not have bought a car regardless of policy. This, in turn, implies that the size of the marginal effects is expected to be small. If we focus our attention on the decision between a regular car and an ethanol car, we see that the single most important predictor for an ethanol car purchase is a past experience of ethanol car ownership: having owned an ethanol car in the previous period increases the probability of purchasing a new ethanol car by 8.6 percentage points.
The second most influential variable is education: having a post-graduate university degree increases the probability of purchasing an ethanol car by 2.5 percentage points in comparison to an individual who only attended elementary school. The effect may seem small, but considering that the probability of purchasing an ethanol car during 2004 to 2008 was only 2.7 percent, it implies that an individual with a post-graduate degree is almost twice as likely to purchase an ethanol car. It is interesting to note that even individuals with only high school education, a group with a relatively weak position on the labor market, are significantly more likely to purchase ethanol cars than individuals without high school education. Although we do not find any significant relationship between income and ethanol car purchases, this result may indicate that individuals with a particularly low income are significantly different from individuals in other income segments, since the lack of upper secondary education is highly correlated with low income in Sweden. In accordance with this interpretation, we also find that individuals who do not work (unemployed, prematurely pensioners and students) are significantly less likely to purchase ethanol cars. However, it should be noted that these effects are relatively small: having an upper secondary education increases the probability of purchasing an ethanol car by 0.4 percentage points, while unemployment and early retirement reduce it by 0.5 and 1 percentage points respectively. In contrast to previous studies, we do not find that women are consistently more prone to purchase ethanol cars. The negative and significant effect of gender in the unconditional sample is explained by a lower probability of women purchasing cars, but even when selection bias is controlled for, no significant pattern can be found (see Tables A2 and A3 Returning to our main estimation, we find that living in the city center is associated with about 1 percentage point increase in the probability of purchasing an ethanol car in Stockholm and Gothenburg, but with a reduction in the probability in Malmö. It is beyond the scope of this study to further analyze the cause of the Table 6 below. As can be seen in the table, the qualitative results remain almost the same in this analysis. The main difference from the previous analysis is that, without Malmö, the tax had a significant effect in 2007 and 2008, and individuals living in the Stockholm city center were significantly more affected by the tax than individuals living outside the city limit.
Sensitivity analysis
We use several techniques to test the robustness of our results. First, since ethanol car purchase is a relatively rare event, we estimate a Complementary log log model (cloglog). This estimation procedure allows a skewed distribution. Second, since probit models are highly sensitive for miss-specification, we estimate a random effects linear probability model (xtreg). The results for the main variables of interest are presented in Table 7 , below. All models are corrected for potential correlation between exogenous variables and individual effects in terms of Chamberlain-Mundlak effects.
The coefficients resulting from the estimation of the Complementary log log model and the linear probability model cannot be directly compared to the probit estimates, but as can be seen in Table 7 , the sign and significance level of the complementary log log estimation is similar to that of the panel probit (with the exception that the coefficient on the tax in 2008 is positive and significant in the individual year regression). 8 However, the results of the linear probability model give different results. Most importantly, the linear probability model estimation suggests that there was no overall effect of the tax if we consider the entire Stockholm region, but that the introduction of the tax affected individuals living in the city center to a significant extent, and that this effect persisted during the years following the introduction of the tax. If we look at the results for the individual years, we can further see that the linear probability model suggests that the lack of overall effect is caused by an absence of effect in 2006. This may be explained by the fact that Stockholmers seem to have prepared for the tax by purchasing ethanol cars before its introduction (see Fig. 2 below) . We may thus expect a relatively low level of ethanol car consumption directly after its introduction. However, it should be noted that although the linear probability model is less sensitive to miss specifications, it is associated with other problems. One of these is that the model is not restricted to the 0 to 1 interval. Indeed, when we estimate the predicted values of the different models, we see that the linear probability model predicts negative probabilities (See Fig. A1 in the Appendix A). As described in Section 3.1 the Difference-in-differences approach is able to account for observed and unobserved differences between the "treatment" and "control" groups. However, the approach rests heavily on the assumption of a common trend. In order to get an idea of the validity of the common trend assumption, we therefore ran a set of regressions with fake treatments (placebo effects) in the years preceding the introduction of the congestion tax. The results are presented in Table 8 below. As can be seen in the table, we find significant placebo effects for individuals living in Stockholm city center. However, the results do not consistently suggest that individuals in Stockholm City were on a different trend than individuals in Gothenburg and Malmö in terms of more rapidly becoming more prone to purchase ethanol cars. Indeed, the coefficient on the placebo effect in 2004 is negative.
The positive and significant effect of the placebo treatment in 2005 is at first glance disturbing. It might suggest that Stockholmers had developed preferences for more environmentally friendly cars even before the introduction of the tax, and thus that we are capturing an effect that does not pertain to the tax itself, but rather to a change of preferences unrelated to the tax. However, a look at the data shows that this effect is very likely to stem from an anticipation of the introduction of the tax and can therefore be called an anticipation effect. As can be seen in Fig. 3 below there was no clear difference in trend between Stockholm on the one hand and Gothenburg and Malmö on the other, before July 2005. However, after July 2005 sales of ethanol cars increased dramatically in the Stockholm area. It is thus highly likely that individuals in Stockholm, in anticipation of the tax, chose to buy ethanol cars before its introduction 6 months later.
Although Fig. 3 seems to present a relatively clear picture, one could conclude that the shift in the trend in Stockholm in July 2005 may be a seasonal effect. However, a closer look at the data reveals that the shift is relatively permanent, and arises first in 2005 (see Fig. 3 ). Free residential parking for green car owners was introduced in Stockholm city center during 2005. Consequently, a potential concern may be that the observed "anticipation effect" in reality is caused by the incentive to park freely rather than to avoid the congestion tax. Fortunately, since free parking only applied to individuals living in the city center, we can control for this effect. Reassuringly, re-running our estimations on a sample where individuals living in the city center are excluded does not change the results much (See Table 9 , below). However, one interesting effect of excluding individuals living within the city limit is that our estimation results now show a significantly positive effect of the tax in 2008.
Discussion
The purpose of this paper has been to contribute to the understanding of how policy and population characteristics influence the composition of the car fleet. More specifically, we analyzed if and to what extent the Stockholm congestion tax affected private purchases of ethanol/E85 cars in Stockholm, and estimated to what extent socioeconomic and demographic factors hold predictive power for the decision to purchase these types of cars.
Our analysis contributes to the existing literature in at least three ways. First, in contrast to previous research, which mainly relates to correlations between the congestion tax and car-related behavior, we approached the tax in Stockholm as a natural experiment and used the two other metropolitan cities in Sweden-Gothenburg and Malmö-to create a counterfactual course of events. Second, having access to unique register data enabled us to estimate the relationship between socio-economic and sociodemographic factors and ethanol car purchases. Thirdly, since corporate purchase of cars dominates the market, the coefficients emanating from studies of aggregated datasets are likely to be dominated by corporate behavior. Thus, since our dataset contains information on a representative sample of individuals, our analysis provides new information on the factors that determine the purchases of AFVs by households.
Our findings concerning the effects of the tax are consistent with the suggestive evidence in previous studies (Börjesson et al., 2012) : the Stockholm congestion tax in our natural experiment had a significant impact on ethanol car purchases in both 2006 and 2007. In addition, our analysis points to a potential anticipation effect of the tax shortly before the introduction. Finally, although the reduction is insignificant, we see signs that the effect of the tax may have faded away over time.
Even though our results suggest a positive and significant initial effect of the congestion tax on the probability of purchasing an ethanol car, it should also be noted that the marginal effect of the tax is smaller than for example the effect of other covariates. The most important predictor is unsurprisingly previous ownership of an ethanol car, which increases the probability of a new purchase by 8.6 percentage points. However, we also find a relatively strong relationship between education and ethanol car purchase: seen over the entire study period (2004) (2005) (2006) (2007) (2008) , the Stockholm congestion tax increased the probability to purchase an ethanol car by 0.2 percent. This should be compared to having a post graduate education, which increases the probability to purchase an ethanol car by 2.5 percent. Hence, although the congestion tax is likely to have had a significant impact on car purchases, our analysis suggest that socio-demographic factors may be more important for the diffusion of AFVs.
Our result for education is consistent with previous research, which has found that higher education have a significant positive effect on the stated choice of hybrid vehicles (Potoglou and Kanaroglou, 2007) and AFVs (Jansson et al., 2011) . However, while Dagsvik and Liu (2009) found that high-income households value AFVs higher than conventional cars, our results do not suggest that income has any significant effect on the probability of purchasing an ethanol car. This may be a consequence of a correlation between education and income, where the former determines the latter.
In contrast to previous research, our results do not lend support to the hypothesis that women buy environmental cars to a higher extent than men (Johansson-Stenman and Martinsson, 2006) . Our results thus suggest that although females might view AFVs as more environmentally friendly than males (e.g., Jansson et al., 2009) , their perceptions do not seem to carry over into actual behavior. This might also be an effect of the fact that males purchase and own the majority of cars and that although a car may be registered to a woman, the male in the household might have had an impact on the final choice of vehicle. However, our results indicate that in the years of 2004 and 2008 only, females did purchase a higher proportion of ethanol cars than males. The conclusion is that relationships between gender and purchases of ethanol cars are ambiguous and hard to predict.
Finally, by focusing solely on private car purchases our investigation also shows that not only corporate, but also private car purchases were positively affected by the congestion tax (see Börjesson et al., 2012 and Jonsson, 2011) . This indicates that policies and incentives targeted at both corporate car purchases and private purchases are important for a transition of the car fleet into a less fossil-based one. Since we also find that previous ownership of an ethanol car is an important predictor of future ethanol car purchases, it can be argued that experience from driving a private car might spill over into the corporate domain and vice versa. However, more research on the relationships between the private and corporate car market is necessary in order to elucidate whether there is a causal relationship. Consumers who have purchased an AFV are more likely to repurchase (i.e., confirming their decision), which has also been found in previous studies using survey data (Jansson et al., 2010) . Our results confirm these findings using a wider sample and actual behavioral register data. The finding can be explained by pointing to the desire of individuals to re-confirm previously made adoption decisions in order to avoid cognitive dissonance, so it might not be a measure of satisfaction per se, although it is highly likely.
A limitation with our study is that it only concerns ethanol cars and not other types of AFVs such as electric vehicles or gas cars. This limitation is due to the incentives offered during the time period studied and also what types of cars that were adopted by consumers. 
Conclusions and policy implications
Previous research has found that the Stockholm congestion tax was efficient in decreasing congestion over the short and long term (Börjesson et al., 2012 , Eliasson et al., 2009 ). Our analysis shows that a policy with the main goal of reducing traffic congestion from cars also has an effect on the composition of the car fleet if AFVs are excluded from the congestion fee. This finding carries implications beyond the Swedish context. Currently, many cities have congestion charges, or consider implementation of such fees. Our analysis suggests that if these policy instruments are linked to less environmentally harmful vehicles, in terms of an exemption from the charge, this may prove doubly advantageous-less congestion and a less fossil fuel dependent car fleet. In this light, it is notable that Sweden has decided not to exempt electrical vehicles from the congestion charges in Stockholm and Gothenburg. In Norway these types of AFVs are exempted from road tolls, which is considered to be one reason why the electrical car market has lately taken off substantially (e.g., Klöckner et al., 2013) .
However, our analysis also shows that the marginal effect of the congestion charge although significant, will not revolutionize the composition of the car fleet. In addition, we find that the effect may be temporary and that other factors, such as socio-economic variables, may prove equally or more important for changing the composition of the car fleet.
As described in the result section, we find that the exemption of the congestion charge is associated with an increase in the conditional probability to purchase an ethanol car corresponding to 1.2 percentage points. This is a relatively large increase considering that the conditional probability without the charge is only 3.3 percent. However, it also implies that even with the congestion fee in place, the probability to buy an ethanol car instead for a regular car is still just 4.5 percent. Hence, in order to substantially alter the composition of the car fleet, other measures are needed. Our finding that the effect of the tax falls over time suggests that although financial incentives similar to those in Stockholm may have an important effect in the short term, there may be a need to raise the tax over time to maintain the effect.
Concerning the effects of socio-economic determinants of ethanol car purchases, our results point to the importance of previous experience of ethanol cars, time effects and to the role of education. These results are likely related to preferences, social norms and awareness of the effect of cars on e.g., global warming. Our analysis does not go deep enough to generate any conclusive results on this topic, but it points to the continuant need to complement financial incentives with awareness-raising policies. Indeed, it is now relatively well known that financial incentives may crowd out intrinsic motivation to engage in proenvironmental behavior (Frey and Oberholzer-Gee, 1997) . These are important aspects to consider when implementing environmental policies in the form of financial incentives or exemptions from taxes for less environmentally harmful alternatives.
In addition, congestion charges would probably be more effective were they not merely stand-alone measures. Other methods, such as improving public transportation, reviewing infrastructure for bicycling and walking, and considering the entire price structure of transports in a region become important (e.g., Gärling and Schuitema, 2007) . In this sense, the effect of a congestion charge can be enhanced and positive environmental effects expected to last longer. In accordance, future research needs to consider infrastructure, cognitive factors and technological aspects in an integrated manner to better understand a more optimally constructed policy for reducing negative environmental consequences of transportation. The technological aspects bring us to the last point. During the last few years, cars have become more fuel-efficient and several types of AFVs have been developed. These technologies are likely to become more fuel-efficient and thus it becomes important to continually revise what types of vehicles will be exempted from congestion charges such as the one in Stockholm. All cars affect congestion and from this perspective it can be questioned if any types of cars should be exempted and for how long. Thus, our results indicate that policies aiming at reducing fossil fuel dependence, tailpipe emissions and congestion problems need to be considered in an integrated manner in order not to have positive effects in one area but simultaneously having adverse effects in another.
A final policy implication is the importance of monitoring the general public's view on both the congestion tax as such (e.g., Eliasson and Jonsson, 2011 ) and on AFVs. If AFVs are exempted from a tax but are not perceived as substantially less harmful for the environment by citizens and drivers, there might be risk of perceiving the tax as unjust between those who can afford to purchase an AFV and those who cannot. Since our results point at difference in adoption of AFVs among high and low income segments, these effects are important to consider when revising the policy and the type of vehicle exemption. In sum, since what is perceived as more or less environmentally harmful changes over time, a vital part for a successful policy is the constant revising of it as technology and behaviors change. One important topic for future research may therefore be to analyze how different socioeconomic groups react to policy interventions of the kind analyzed in this paper. 
